14 1. Given the prevalence of missing data on species' traits -Raunkiaeran shorfall 15 and its importance for theoretical and empirical investigations, several 16 methods have been proposed to fill sparse databases. Despite its advantages, 17 imputation of missing data can introduce biases. Here, we evaluate the bias in 18 descriptive statistics, model parameters, and phylogenetic signal estimation from 19 imputed databases under different missing and imputing scenarios. 20 2. We simulated coalescent phylogenies and traits under Brownian Motion and 21 different Ornstein-Uhlenbeck evolutionary models. Missing values were created 22 using three scenarios: missing completely at random, missing at random but 23 phylogenetically structured and missing at random but correlated with some 24 other variable. We considered four methods for handling missing data: delete 25 missing values, imputation based on observed mean trait value, Phylogenetic 26 Eigenvectors Maps and Multiple Imputation by Chained Equations. Finally, we 27 assessed estimation errors of descriptive statistics (mean, variance), regression 28 coefficient, Moran's correlogram and Blomberg's K of imputed traits. 29 3. We found that percentage of missing data, missing mechanisms, Ornstein-30
Introduction
For the second scenario, where the auxiliary trait is correlated with the target trait 174 but uncorrelated with phylogeny, the auxiliary trait was simulated using equation 1 with 175 ∑ having off-diagonal entries equal to zero (i.e. no covariance among species) and 176 diagonal entries representing, for each species, the sum of all branch lengths from the root 177 to the tip. We simulated MVN using the mvrnorm function in the R package MASS 178 (Venables & Ripley 2002) . When using this auxiliary trait to impute target trait values, 179 we expected that using the phylogeny into the imputation methods would not improve 180 our analysis (i.e. provide no information on missing data) since the probability of missing 181 values would only be correlated with the auxiliary trait and not with the phylogeny.
182
Missing data scenarios 183 To create missing data, we used the target trait simulated above and deleted 184 different percentages of its values following three scenarios of missing data: Missing ). We applied this method in two ways: first, using only the phylogenetic 212 eigenvectors (PEM.notrait) and, second, using these eigenvectors and the auxiliary trait 213 (PEM.trait). By applying the PEM method in these two ways allowed us to evaluate 214 whether phylogenetic information alone could impute data well or auxiliary traits were Groothuis-Oudshoorn 2011).
231
We simulated 540 scenarios representing each combination of missing data 232 percentage, mechanism, OU selection strength, and imputation methods. For each 233 scenario, we simulated 100 replicates, thus producing 54000 independent results. Finally, where cov is the covariance between the mean within-class distance and Moran's Index, 248 var is the variance of the mean within-class distance, α is the value in each correlogram 249 distance class, and α1 is the value in the first distance class.
250
Imputation effects on phylogenetic signal 251 To evaluate the effect of using imputed trait data for estimating phylogenetic 252 scenario. In particular, we estimated PS for the original target trait values before they 253 were deleted by the missing data mechanisms and estimated PS again after they were 254 filled by the imputation methods. Such PS delta was defined as: 
